In traditional watershed delineation and topographic modeling, surface depressions are generally treated 8 as spurious features and simply removed from a digital elevation model (DEM) to enforce flow continuity of water 9 across the topographic surface to the watershed outlets. In reality, however, many depressions in the DEM are actual 10 wetland landscape features with seasonal to permanent inundation patterning characterized by nested hierarchical 11 structures and dynamic filling-spilling-merging surface-water hydrological processes. Differentiating and 12 appropriately processing such ecohydrologically meaningful features remains a major technical terrain-processing 13 challenge, particularly as high-resolution spatial data are increasingly used to support modeling and geographic 14 analysis needs. The objectives of this study were to delineate hierarchical wetland catchments and model their 15 hydrologic connectivity using high-resolution LiDAR data and aerial imagery. The graph theory-based contour tree 16 method was used to delineate the hierarchical wetland catchments and characterize their geometric and topological 17 properties. Potential hydrologic connectivity between wetlands and streams were simulated using the least-cost path 18 algorithm. The resulting flow network delineated potential flow paths connecting wetland depressions to each other 19 or to the river network at scales finer than available through the National Hydrography Dataset. The results 20 demonstrated that our proposed framework is promising for improving overland flow simulation and hydrologic 21 connectivity analysis.
. Tiner (1997) reported that the target mapping unit, the size class of 141 the smallest group of NWI wetlands that can be consistently mapped, was between 1000 m 2 and 4000 m 2 in the 142 Prairie Pothole Region. It should be noted that the target mapping unit is not the minimum wetland size of the NWI.
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In fact, there are a considerable amount of NWI wetland polygons smaller than the target mapping unit (1000 m 2 ). In 144 this study, we focused on the prairie wetlands that are greater than 500 m 2 . Therefore, 5644 small NWI wetland 145 polygons (< 500 m 2 ) were eliminated from further analysis. In total, there were 32,016 NWI wetland polygons (≥ 146 500 m 2 ) across the Pipestem subbasin (Table 1 ). The total size of these NWI wetlands was approximately 279.5 km 2 , 147 covering 10.1% of the Pipestem subbasin. The areal composition of NWI wetlands were freshwater emergent 148 wetlands (86.5%), lakes (7.5%), freshwater ponds (5.3%), freshwater forested/shrub wetland (0.4%), and riverine 149 systems (0.3%). The median size of wetlands (≥ 500 m 2 ) in our study area was 1.8 × 10 3 m 2 . Although the NWI data 150 is the only spatially comprehensive wetland inventory for our study area, it is now considerably out-of-date, as it 151 was developed 30 years ago and it does not reflect the wetland temporal change (Johnston, 2013) . The wetland 152 extent and type for many wetland patches have changed since its original delineation (e.g., 
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The high-elevation areas in the west where most NWI wetland polygons are located have very few NHD flowlines, 162 except for the Little Pipestem Creek. This suggests that a large number of temporary and seasonal flow paths were 163 not captured in the NHD dataset, perhaps due to the fact that the NHD does not try to systematically measure stream 164 lines <1.6 km (Stanislawski, 2009; Lane and D'Amico, 2016). In this study, the NHD flowlines were used to 165 compare the LiDAR-derived potential flow paths using our proposed methodology. is generally acknowledged that the fill-and-spill mechanism of wetland depressions results in intermittent hydrologic 182 connectivity between wetlands in the PPR. In this study, wetland depressions were categorized into two groups 183 based on their hierarchical structure: simple depressions and composite depressions. A simple depression is a 184 depression that does not have any other depressions embedded in it, whereas a composite depression is composed of 185 two or more simple depressions (Wu and Lane, 2016) . As shown in Fig. 4 (a), for example, depressions A, B, C, D 186 and E are all simple depressions. As water level gradually increases in these simple depressions, they will eventually 187 begin to spill and merge to form composite depressions. For instance, the two adjoining simple depressions A and B 188 can form a composite depression F (see Fig. 4 
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To identify and delineate the nested hierarchical structure of potential wetland depressions, we utilized the 209 localized contour tree method proposed by Wu et al. (2015) . The concept of contour tree was initially proposed to 7 extract key topographic features (e.g., peaks, pits, ravines, and ridges) from contour maps (Kweon and Kanade, 211 1994). The contour tree is a tree data structure that can represent the nesting of contour lines on a continuous 212 topographic surface. Wu et al. (2015) improved and implemented the contour tree algorithm, making it a locally 213 adaptive version. In other words, the localized contour tree algorithm builds a series of trees rather than a single 214 global contour tree for the entire area. Each localized contour tree represents one disjointed depression (simple or 215 composite), and the number of trees represents the total number of disjointed depressions for the entire area. When a 216 disjointed depression is fully flooded, the water in it will spill to the downstream wetlands or waters through 
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A catchment is the upslope area that drains water to a common outlet. It is also known as the watershed, 234 drainage basin, or contributing area. Catchment boundaries can be delineated from a DEM by identifying ridgelines 235 between catchments based on a specific set of catchment outlets (i.e., spilling points). In traditional hydrological R is the spatial resolution (m); and n is the total number of grid cells that fall 254 within the depression.
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The ponding time of a depression was calculated as follows:
where V is the potential water storage capacity of the depression (m 3 ); c A is the catchment area of the 258 corresponding depression (m 2 ); and I is the rainfall intensity (mm/h). For the sake of simplicity, we made two 259 assumptions. First, we assumed that the rainfall was temporally and spatially consistent and uniformly distributed 260 throughout the landscape (e.g., 50 mm/h) and all surfaces were impervious. Second, we assumed no soil infiltration. LiDAR intensity imagery used in our study, we chose an intensity threshold value of 20. Grid cells with an intensity 310 value between 0 and 20 were classified as an inundated class while grid cells with an intensity value greater than 20 as a non-inundated class, which resulted in a binary image. In the binary image, each region composed of inundated 312 pixels that were spatially connected (8-neighbor) was referred to as a potential inundation object. The "boundary clean" and "region group" functions in ArcGIS Spatial Analyst were then used to clean ragged edges of the potential 314 inundation objects and assign a unique number to each object. It should be noted that water and live trees might both 315 appear as dark features in the LiDAR intensity imagery and have similar intensity values, although trees are not 316 particularly common in this region. As a result, some trees were misclassified as inundation objects. To correct the 317 misclassifications and obtain reliable inundation objects, we further refined the potential inundation objects using 318 additional criteria with the aid of the LiDAR DEM. First, we assumed that each inundation object must occur within 319 a topographic depression in order to retain water. In other words, all inundation objects must intersect with 320 depression objects derived using the "sink" function in ArcGIS Spatial Analyst. Secondly, given the relatively flat 321 and level surface of inundated regions, the standard deviation of pixel elevations within the same inundation object 322 should be very small. By examining the standard deviation of pixel elevations of some typical inundation objects 323 and tree objects, we chose a threshold of 0.25 m, which is slightly larger than the vertical accuracy of the LiDAR 324 data (0.15 m). This step can be achieved using the "zonal statistics as table" in ArcGIS Spatial Analyst. Thirdly, we 325 only focused on wetlands greater than 500 m 2 . Therefore, inundation objects with areas smaller than 500 m 2 were 326 eliminated from further analysis. Fig. 5(a) . The median size of the 336 inundation polygons identified using the LiDAR intensity data was 1.8 × 10 3 m 2 , which was slightly larger than the 337 reported median size of NWI polygons (Table 2) . Contrary to expectations, 18,957 out of 32,016 NWI wetland 338 polygons did not intersect with the inundation objects. In other words, 59.2% of the NWI wetland polygons mapped 339 in the 1980s did not contain visible waterbodies during the LiDAR collection period. The total area of these 'dried' 340 NWI wetlands were 43.6 km 2 , accounting for 15.6% of the original NWI wetland areas (279.5 km 2 ). The histogram 341 of the 'dried' NWI wetlands is shown in Fig. 5(b) . It is worth noting that most of these 'dried' NWI wetlands were 342 relatively small with a median size of 1.2 × 10 3 m 2 ( A / ) reported in the above studies were calculated on the basis of a limited 384 number of wetlands. On the contrary, our results were computed from more than 30,000 wetland depressions and 385 catchments, which provides a statistically reliable result for the study area due to a much larger sample size. Fig. 9 . Clearly, the derived potential 394 flow paths not only captured the permanent surface water flow paths (see the thick blue NHD flowline in Fig. 9 ), but 395 also the potential intermittent and infrequent flow paths that have not been mapped previously. By examining the 396 potential flow paths overlaid on the color infrared aerial photograph ( Fig. 9(b) ), we can see that the majority of (Table 4 ). However, the potential flow lengths derived from our study, 403 which connected not only stream segments but also wetlands to wetlands, revealed much shorter flow paths than the 404 NHD flowlines. This finding is within our expectation. The histogram of the derived potential flow lengths is shown 405 in Fig. 10 . The median potential flow length is 83 m, which is approximately 1/4 of the median NHD flowlines. The 406 median elevation difference between an upstream wetland and a downstream wetland connected through the 407 potential flow path is 0.89 m.
5 Discussion
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The LiDAR data we used in this study were collected in late October 2011, which was an extremely wet period 410 according to the Palmer Hydrological Drought Index (see Fig. 6 ). Most wetlands exhibited high water levels and 411 large water extents, which can be evidenced from the LiDAR intensity image in Fig. 7 and the aerial photograph in 412 Fig. 9 . It can be clearly seen that most wetlands, particularly those larger ones, appeared to have larger water extents 413 compared to the NWI polygons. A substantial number of inundated NWI wetlands were found to coalesce with 414 adjoining LiDAR-based wetland depressions and form larger wetland complexes. LiDAR data acquired during high water levels is desirable for studying maximum water extents of prairie wetlands. However, the use of wet-period 416 LiDAR data alone is not ideal for studying the fill-and-spill hydrology of prairie wetlands. Since LiDAR sensors 417 working in the near-infrared spectrum typically could not penetrate water, it is impractical to derive bathymetry of 418 the wetland depressions. As a result, the delineation and characterization of individual wetland depressions nested 419 within larger inundated wetland complexes were not possible. Bathymetric LiDAR systems with a green laser 420 onboard offer a promising solution for acquiring wetland basin morphometry due to the higher penetration capability 421 of the green laser (Wang and Philpot, 2007) . In addition, the derivation of antecedent water depth and volume of 
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Ideally, using multiple LiDAR datasets acquired in both dry and deluge conditions in conjunction with time-series 426 aerial photographs would be essential for studying the fill-and-spill mechanism of prairie wetlands. In this case, we 427 could use the dry-period LiDAR data to delineate and characterize the morphology of individual wetland 428 depressions before the fill-and-spill processes occur. Furthermore, we can derive the potential flow paths and project 429 the coalescing of wetland depressions after the fill-and-spill processes initiate. The wet-period LiDAR data and 430 time-series aerial photographs can serve as validation datasets to evaluate the fill-and-spill patterns.
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It is also worth noting that the proposed methodology in this study was designed to reflect the topography 432 and hydrologic connectivity between wetlands in the Prairie Pothole Region. We have made assumptions to simplify 
